Currently many factors can influence community detection in mobile social networks, where node mobility is a key factor to influence the stability of community structure. In this paper, we propose a social community detection scheme for mobile social networks based on social-ware, including social attribute similarity, node interest similarity and node mobility. Compared with other community detection schemes, our proposed scheme can accurately detect the communities based on community attribute and node mobility. The experiments show the numbers of detected communities and members in the maximal size community generated by our scheme are both smaller than those of the GN and NM schemes. Additionally, since the nodes (users) both have higher mobility in mobile social networks, the efficiency of our proposed scheme relatively becomes higher. The experiments show when the values of mobility in the test data sets increase, the running time of our proposed scheme decreases when the number of edges is fixed. For example, the running time of our proposed scheme is about 17s when the maximum value of mobility is set as 0.5 and the number of edges is about 16000, and further the running time is only about 13s when the maximum value of mobility is set as 1. Therefore, our proposed scheme can more accurately and efficiently make community detection to increase the stability of mobile community structure.
I. INTRODUCTION A. BACKGROUND
With the rapid development of network technology, people's life has entered a new era of social network. In all aspects of people's lives, social networks can be seen everywhere. For example, some chatting softwares are widely used by people, such as Facebook, QQ, Weibo, Weixin and so on. Therefore, the research and application values of social networks are increasingly recognized by academia and industry. With the in-depth study of social networks, it has been found that in many social network structures, a common feature can be excavated: community structure. This structure can also be seen everywhere in our life, such as social relations. For example, if some people come from the same school or company, then the group of people will be more closely connected than a group of people from other schools or companies.
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So, community structure is closely related to hierarchical clustering in sociology.
Currently, the theoretical research of social networks has attracted wide attention. Community structure and its centrality are the typical structural characteristics in social networks. Community structure shows that the nodes from social network can naturally form different groups, each group is seen as a community. So, community structure shows a high density of clustering. Namely the internal nodes in a community are more closely connected, while the connections between the nodes located in different communities are more sparse. As an important structural feature of social networks, community structure is often based on different functional networks. Thus, community detection is always researched by some scholars. It can help us find the functional units in social networks and the relationship between the structures and the functions. In addition, through community detection we can further find some hidden characteristics that have not been shown at the single network node. Therefore, the research VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ of community detection methods is of great significance both in theory and in practical application. Presently many researchers have proposed a large number of community detection algorithms [1] , but many of them have high time complexity and cannot be effectively applied to large-scale networks. At the same time, with the development of mobile network technology, mobile devices and networks provide users with more convenient and flexible network services, which can be widely used in smart cities, vehicular networks, health care and so on. Thus, many researchers focus on how to solve the problem of data dissemination in mobile networks, which leads to the emersion of mobile social networks (MSNs) [2] . Zhu et al. [3] proposed one MSN framework. The structure of mobile social networks is divided to two layers, including physical layer and social layer. In the physical layer, mobile devices, network infrastructures, cloud servers, and some third parties are included. Mobile devices mainly include smart phones, laptops, tablets and so on. Network infrastructures mainly include base stations of cellular network and mobile communication nodes, which can provide the function of communication. Cloud servers mainly process and analyze data. Third parties can be responsible for communicating with cloud servers, where they provide cloud servers with data and receive data sent by cloud servers. In the social layer, some services are provided, which reflects and maintains the logical relationship between devices. For example, some network nodes can store user data, such as user social attributes and user locations, which can be used to design some social awareness algorithms and routing protocols. Currently, mobile social networks have five typical applications [2] , including vehicular social networks [4] , mobile sensor networks [5] , cellular networks [6] , community networks [7] and opportunistic networks [8] .
However, the links among nodes in mobile social networks change frequently, thus the mobility of node is an important characteristic of mobile social networks. At present, it is a big challenge to research community detection in mobile social networks. For example, since each node in mobile social networks may be a smart mobile device carried by people, people's social relations greatly affect the mobile behavior of nodes. Additionally, in mobile social networks the number of communities may increase or decrease, and the community ownership of nodes may also frequently change. Thus, to detect communities in mobile social networks, we need to consider the changing relationship of networks at different times to ensure the coherence of community division at two adjacent moments. Many researchers have proposed a large number of community detection algorithms for static networks. However, due to the complexity of mobile community change, the research of community detection in mobile social networks is still in its early stage. At present, there are two main methods to detect the community structure of mobile social networks: one is evolving community detection, the other is to identify the key events of community evolution to discover the evolution pattern of community.
In mobile social networks, node mobility is an important factor to influence community structure. Node mobility can be used to measure the stability of community structure. The node mobility is greater, the node is less likely to be divided into a community. So, considering node mobility may improve the accuracy and reliability of community detection and increase the stability of community structure. Additionally, social attribute similarity and node interest similarity are also important factors to influence community detection. Therefore, in this paper we focus on mobile social community detection scheme based on social-ware, including social attribute similarity, node interest similarity and node mobility.
B. OUR CONTRIBUTIONS
In this paper, we propose a social community detection scheme for mobile social networks based on social-ware, including social attribute similarity, node interest similarity and node mobility. Compared with other community detection schemes, our proposed scheme can more accurately and efficiently make community detection to increase the stability of mobile community structure. Our main contributions are as follows:
1)
The proposed scheme splits social attributes of a user to social community attributes and node attributes, and constructs social community similarity (between a user and a community) and node attribute similarity (between two users). Then, we further consider the mobility of each node, add the node mobility to compute social attribute similarity and node interest similarity. Since node mobility is considered into community detection, our proposed scheme can reduce the probability of generating large scale communities.
2)
Based on the social-ware similarities, we build an approach to dynamically compute module degree for mobile community structure. Our proposed scheme detects the communities of mobile social network according to the increment of module degree, where our scheme can always adjust community detection based on the change of socialware similarities. Further, through changing some parameters to control the proportion of social attribute similarity and node interest similarity, our proposed scheme can make fine-grained community detection to generate more stable community structure.
3)
Based on the real data sets, we make the experiments of community detection through considering social-ware, including social attribute similarity, node interest similarity and node mobility. Compared with other community detection schemes, our proposed scheme can accurately detect the communities based on community attribute and node mobility. The experiments show the numbers of detected communities and members in the maximal size community generated by our scheme are both smaller than those of the GN [9] and NM [10] schemes. Additionally, the experiments show when the values of mobility in the test data sets increase, the running time of our proposed scheme decreases when the number of edges is fixed. Therefore, our proposed scheme can efficiently reduce the probability of generating largescale communities so as to improve the accuracy and reliability of community detection.
II. RELATED WORK
Presently, many scholars focus on the research of social networks, including community detection [11] , privacy protection [12] , social networking [13] and so on. Community detection has become a research hotspot. For example, many community detection schemes [14] - [23] were proposed to divide social network structure: 1) graph-based partitioning algorithm [14] ; 2) module degree algorithm [15] ;
3) edge clustering algorithm [16] , [17] ; 4) hierarchical clustering algorithm [18] ; 5) seed dispersal method [19] , [20] ; 6) random walk algorithm [21] ; 7) label propagation method [22] , [23] .
A. COMMUNITY DETECTION OF SOCIAL NETWORKS
Girvan and Newman [9] , [24] proposed the method of repeatedly removing the edge with the largest ''edge-mediation number'', which is called GN algorithm. In their algorithm, the concept of ''modularity'' [25] is first proposed, which measures the quality of community structure through modularity. However, this algorithm can only be applied to small scale networks. Subsequently, Huysman et al. [25] , [26] and Rattigan et al. [27] respectively proposed their algorithms to improve the efficiency of GN algorithm. With the increasing scale of social networks, the efficiency of community detection has become increasingly prominent. Newman [28] proposed a fast community detection algorithm, called as FastQ algorithm. This algorithm firstly regards each node as a community, then it merges two communities with the greatest increment of modularity into a community, finally the community structures with the greatest modularities can be obtained. FastQ is a cohesive hierarchical algorithm, GN is a split hierarchical algorithm, thus the efficiency of FastQ is obviously better than that of GN. Clauset et al. [29] proposed a more efficient community detection scheme, called as CNM algorithm. They found that the FastQ algorithm takes too long to choose which two communities should be merged, thus they use data structure to improve the efficiency of merging communities. Danon et al. [30] improved the FastQ algorithm to merge large communities. Guimera and Amaral [31] used the simulated annealing method to optimize the objective function of modularity, continuously making the modularity change from local optimum to global optimum. Thus their scheme can obtain the optimal community structures. White and Smyth [32] optimized the modularity function by spectral method, and proposed a community detection method based on spectral clustering. Van Dongen [33] proposed a node clustering algorithm based on random walk. This algorithm performs a series of operations on the transfer matrix until the transfer matrix converges. At this time, the matrix divides the whole network into several sub-networks, where each subnetwork is seen as a community. Rosvall and Bergstrom [34] used coding theory to find the shortest coding from the random walk path, and then partitioned the whole network. Their scheme is called as the Infomap algorithm. Further, they [35] improved the Infomap algorithm, which can detect multi-level community structures. Tabrizi et al. [36] proposed a PPC algorithm based on random walk and modularity optimization. This algorithm can discover multi-level community structures from the whole network. Raghavan et al. [22] proposed the label transfer algorithm, called as LPA algorithm. This algorithm simulates the information propagation mechanism and assigns different labels to all nodes in the network.
In the process of label transfer, the node label is updated to the label which is the majority of its neighbors. When the labels of all nodes in the network are the labels which are the majorities of its neighbors, the nodes with the same label are divided into one community. Guo et al. [37] proposed a relation-weight-clustering model to construct twitter users' network, where their model takes twitter users' ''@'' and ''RT@'' behaviors into account. Tagarelli et al. [38] proposed a novel modularity-driven ensemble-based approach to multi-layer community detection, where it may find consensus community structures that not only capture prototypical community memberships of nodes, but also preserve the multi-layer topology information and optimize the edge connectivity. We [39] also proposed a social community detection and message propagation scheme based on personal willingness in social networks. In our scheme, the social community detection algorithm extracts node attributes, and then uses module degree, interest degree and personal willingness to sophisticatedly detect social communities. Recently, Javed et al. [40] showed an up-to-date report on the development of community detection and its potential applications in various domains from real world networks. They provided a review of prevailing community detection algorithms that range from traditional algorithms to state of the art algorithms for overlapping community detection. Further, they reviewed some algorithms based on dimensionality reduction techniques such as non-negative matrix factorization and principal component analysis.
B. COMMUNITY DETECTION OF MOBILE SOCIAL NETWORKS
With the in-depth research of social networks, many community detection schemes for mobile social networks were also proposed. Xu et al. [41] analyzed community detection and friendship prediction in mobile social networks, and proposed a method of constructing community structure based on combination entropy. Hutair et al. [42] proposed a novel algorithm, which can cluster the nodes in social networks into communities based on their geodesic location and the similarity between their interests. Sarzynska et al. [43] VOLUME 7, 2019 investigated the effects of using null models that incorporate spatial information, and proposed a novel null model based on the radiation model of population spread. They developed novel synthetic spatial benchmark networks in which the connections between entities are based on distance or flux between nodes, and compared the performance of both static and time dependent radiation null model to the ''Newman-Girvan'' null model for modularity optimization. Further, based on the change of topology of mobile social networks, many researchers proposed some schemes to detect community structure. Amelio and Pizzuti [44] proposed a framework for community discovery in temporal multiplex networks by extending the evolutionary clustering approach. In their extended framework, the problem of finding community structures for time-evolving networks with multiple types of ties is reformulated by adding the concept of dimensional smoothness. Chakrabarit et al. [45] proposed a new clustering concept called evolutionary clustering, which can capture the evolution process of communities. Tantipathananandh et al. [46] transformed the problem of community detection in dynamic networks to the problem of graph coloring, and then proposed a heuristic algorithm for greedy matching of communities in networks at different times. Lin et al. [47] proposed a Facetnet algorithm for community detection and evolution analysis. Their method embeds a time-smoothing framework derived from historical community structures, where communities can be found in a unified process and their evolution trends are also obtained. Kim and Han [48] proposed an evolutionary clustering algorithm based on particle size and density. Their algorithm can discover a variable number of communities which can be formed and decomposed arbitrarily. However, only a single path of community evolution can be obtained, and the decomposition and merging of communities can not be recognized. In fact, there may be many paths for the evolution of communities. Palla et al. [49] proposed an extended algorithm based on factional filtering to identify the key events in the evolution of communities and detect the communities. Asur and Parthasarathy [50] proposed a matching method of community event recognition, which is used to analyze the change of nodes and calculate the community relationship at different times. However, their method is difficult to be used for largesize networks. Wang et al. [51] proposed a compressive sensing over graphs-based intercommunity detection scheme for social internet of things. By exploiting the probability of two nodes encountering each other, the encounter probability and the edge-clustering coefficient are utilized to define a novel metric for each connection and construct the measurement matrix. Then a CS-based detection algorithm was proposed to detect the intercommunity links. Luo et al. [52] analyzed the formation of the local community and proposed two local community detection algorithms based on the dynamic membership function. Each of the algorithms is divided into three stages: 1) the initial stage, 2) the middle stage, and 3) the closing stage. At the initial stage, they designed a dynamical membership function to detect local community and nodes with the greatest neighborhood intersect rate could be added to the local community. At the middle stage, they designed another dynamical membership function, and the goal of this stage is to make the connection of the node in the local community closest. At the closing stage, the third dynamical membership function is provided, and the local community is further improved by collecting some nodes that should not be omitted.
Additionally, some community detection schemes were proposed for the applications of mobile social networks. Guan and Wu [53] proposed a novel method that effectively divides social communities according to the human activity characteristics in opportunistic networks [54] . And their established effective information transmission based on structuralization areas scheme allows information to be transmitted between resource nodes and communities [55] . Liu et al. [56] established a fuzzy routing-forwarding algorithm exploiting comprehensive node similarity (the mobile and social similarities) in opportunistic social networks, where the transmission preference of the node is determined through the fuzzy evaluation of mobile and social similarities. Zhang and Cao [57] proposed a contact-burst-based clustering method to detect transient communities by exploiting pairwise contact processes. In their method, they formulated each pairwise contact process as a regular appearance of contact bursts, during which most contacts between the pair of nodes happen. Based on this formulation, their scheme can detect transient communities by clustering the pairs of nodes with similar contact bursts.
III. COMMUNITY DETECTION A. RELATED DEFINITIONS
Given a weighted and directed graph G(V , E) representing the relationship of users in social networks, the set of nodes is represented by V , the set of edges is represented by E (which denotes the set of messages transferred by users), the number of nodes is represented by n 1 = |V (G)| and the number of edges is represented by n 2 = |E(G)|, then a social network with n 1 nodes may be represented by an adjacency matrix B n 1 ×n 1 , where B i,j denotes B i,j = 1, if the node i and the node j are connected 0, otherwise and the number of edges is
Also, we set that the user i in a social network has an attribute set i , where ψ k ∈ i is used to denote the k-th attribute of the user i. The community c j has an attribute set j , where φ k ∈ j is used to denote the k-th attribute of the community c j . Further, for the user i, the weight of his attribute ψ k to the community c j is denoted as k,j , and his mobility is denoted as π i . Definition 1 Node Degree (User Degree): it denotes the influence range of the user i in social networks, namely the number of all edges associated with the node (user) i is denoted as the node degree, which is represented as follows:
where k in is the number of all edges associated to the node i, k out is the number of all edges associated from the node i. So, m in i is the in-degree of the node i and m out i is the out-degree of the node i. Definition 2 Social Community Similarity: it denotes the social community similarity between the user i and the community c j , which is measured according to social attributes. The social community similarity between the user i and the community c j is defined as:
where the intersection ϒ i,j of social attribute set between the user i and the community c j is defined as follows:
Definition 3 Node Attribute Similarity: it denotes the node attribute similarity of the user i to the user z, which is also measured according to social attributes. The node attribute similarity of the user i to the user z is defined as:
where the intersection i,z of social attribute set between the user i and the user z is defined as follows:
Definition 4 Node Interest: it is used to measure the interests of a user, where one interest of each user is expressed as the form of < Interest_type, weight >, where Interest_type denotes the specific interest and weight denotes its corresponding weight. Thus, the interests of the user i are defined as follows:
where the k-th interest in the vector Interest i is represented by Interest_type i,k and its weight is represented by i,k . Definition 5 Module Degree WD: it is the ratio of the edge density in the community and the edge density among the associated communities, whose formula [24] is as follows:
where n 1 is the number of edges, n 2 is the number of nodes, c i denotes the community that the node i belongs to, c j denotes the community that the node j belongs to, σ is the function used to compute the max value of edge number between c i and c j . From the above formula, we can know that when the module degree of network is the minimum value of 0, the initialization of each node is independent to form a single community; when the module degree of network is the maximum value of 1, all nodes are detected into a community. The process of community detection and classification is based on the modularity maximization principles: 1) the terms of negative value should be excluded; 2) the nodes with greater similarity should be partitioned to the same communities.
B. PROPOSED SOCIAL COMMUNITY DETECTION SCHEME
In the section, a social community detection scheme is proposed for mobile social networks based on social-ware, including social attribute similarity and node interest similarity, where we further consider the mobility of each node. Our proposed scheme first quantifies social attributes of each node, and then calculates social attribute similarity and node interest similarity between nodes. Based on the social-ware similarities, we build a method to compute module degree. Finally, our proposed scheme detects the communities of mobile social network according to the computed module degree.
1) COMMUNITY ATTRIBUTE SIMILARITY
In the section, we show how to quantify social attributes of each node. Based on some common social attributes, we construct a social attribute set for each node, where the social attributes may be used to measure social characteristics of each node. For example, each user has certain social attributes, including name, occupation, age, hobby, place of residence, influence and so on. In mobile social networks, the mobility is also a very important social characteristic, which can influence the structure of social community. Thus, for some nodes with great influence and frequent movement, their mobile behavior can affect the change of community structure. Also, for different communities, different attributes have different effect on the structure of communities. According to the related definitions (Definitions 2 and 3), the computation of community attribute similarity is based on social community similarity and node attribute similarity. The computation of community attribute similarity is also related to node mobility. The community attribute similarity CNS i,j between the user i and the community c j is calculated as follows:
where η ∈ [0, 1] is the impact factor, |c j | is the size of the community c j and the user k belongs to the community c j . In mobile social networks, because the attributes of node are different, the impact factors of community division are also different. We consider that social community similarity between the user i and the community c j has greater influence on community detection when η is greater; on the contrary, it has smaller influence on community detection. When η = 0, community detection is only based on node attribute similarities between the user i and all other users belonging to the community c j . When η = 1, community attribute similarity is only social community similarity. When the community attribute similarity between the user i and the community c j is greater, the possibility that the user (node) is divided into the community c j is higher. Therefore, the impact factor η is used to make balance between community attributes and node attributes.
2) USER INTEREST SIMILARITY
In the section, we show how to measure interests of each user. Because users who share the same interests are more likely to form a social community, user interest plays an important role in community detection. To calculate the interest similarity of users, we introduce the clustering method [58] to our community detection scheme. According to Definition 4 (node interest), the intersection i,j of the interest vectors between the user i and the user j is defined as follows:
where Interest i denotes the interest vector of the user i and Interest j denotes the interest vector of the user j.
Based on the interest vectors, the interest similarity ISM i,j of the user i to the user j is calculated as follows:
where the k is the weight of the k-th interest in the corresponding interest vector.
3) WEIGHTED EDGE
For community detection, the relationship between the user i and the user k belonging to a community c j needs to be measured. So, based on the community attribute similarity between the user i and the community c j and the interest similarity between the user i and the user k belonging to c j , the edge similarity between the user i and the user k is measured according to the combination of community attribute similarity and interest similarity. The weight EW i,k of edge similarity is defined as follows:
where the user k belongs to the community c j . For community detection, attribute similarity and interest similarity are both very important, thus ξ ∈ [0, 1] is the impact factor to be used to balance the affect on edge similarity. When ξ = 1, community detection is only related to attribute similarity; when ξ = 0, community detection is only related to interest similarity. Edge similarity can indicate the intimacy degree between two nodes. The weight of edge similarity between two nodes is greater, the probability that the two nodes are divided into a community is greater. Additionally, since the mobility π i is introduced into CNS i,j and ISM i,j , the mobility is used as an impact factor to calculate the weight of edge similarity.
4) COMMUNITY MODULE DEGREE
In the section, we show how to compute module degree based on weighted edges. Community module degree is a very important measure to divide community structure. It indicates the intimacy degree among the nodes belonging to the same community. These nodes in the community are more likely to be divided to the same community. The higher the module degree of a community is, the more stable the detected community structure is. In our proposed scheme, when a community structure is detected, the increment of module degree [59] is used to measure the change of module degree to evaluate the intimacy degree between the observed node and the detected community. According to Definition 5, the module degree WD * based on weighted edges is computed as follows:
where EW i,j is the weight of edge similarity between the node i and the node j, EW out i is the weights sum of out-degrees of the node i, EW in j is the weights sum of in-degrees of the node j, SW is the weights sum of edge similarity. According to the calculation of WD * , if the node i is divided into the community c j , then the increment WD * of module degree is computed as follows:
where EW c j is the weights sum of internal edge similarity among all the nodes belonging to the community c j , EW i,c j is the weights sum of edge similarity between the node i and other adjacent nodes belonging to the community c j , EW in c j is the weights sum of in-degrees of the community c j , EW out c j is the weights sum of out-degrees of the community.
5) MODULE DEGREE-BASED COMMUNITY DETECTION SCHEME
In the section, we show a detailed module degree-based community detection scheme, which is based on social-ware, including social attribute similarity and node interest similarity. In our proposed scheme, the mobility is considered as an impact factor to calculate the weight of edge similarity. Compared with the related schemes, our proposed scheme focuses on node's social attributes and its mobility. Also, through changing the impact factor ξ ∈ [0, 1] to control the proportion of social attribute similarity and node interest similarity, our proposed scheme can adjust the proportion of affect on the weight of edge similarity, further can make fine-grained community detection to generate more stable community structure. Our proposed scheme is described as follows (shown in Figure 1 ):
• Step 1: Input the adjacent social network G (V , E) , the total number n 1 of nodes and the community set C 1 , compute the community attribute similarity CNS i,z s and the interest similarity ISM i,j s between all two nodes with i ∈ 1, 2, ...n 1 , z ∈ 1, 2, ...|C 1 | and j ∈ 1, 2, ...n 1 , then output all CNS i,z s and ISM i,j s, where each node is initially seen as a community. The procedure is described as Algorithm 1.
• Step 2: Input G(V , E), n 1 , C 1 , all CNS i,z s and all ISM i,j s with i ∈ 1, 2, ...n 1 , z ∈ 1, 2, ...|C 1 | and j ∈ 1, 2, ...n 1 , compute the weights of edge similarity between all two nodes, then measure the increment of module degree, finally output a set C 2 of communities and a flag Flag. The procedure is described as Algorithm 2. The Algorithm 2 detects the community structure according to module degree: 1) for each community j (j ∈ G), the algorithm calculates all the increment WD * s of module degree, where we assume the community j tries to join all the adjacent communities; 2) the algorithm looks up the adjacent community with the maximum value of the increment ( WD * > γ ), and then the community j joins the corresponding adjacent community, where γ is a preset parameter to control the end of the whole scheme; 3) as long as the values of WD * are changing and more than γ , the process of merging communities will continue by cycle iteration until the communities cannot be partitioned into the communities of higher level; 4) if all the values of WD * are less than γ , the algorithm returns a fag ''End'' and a set C 2 of communities, otherwise, the algorithm returns a fag ''Null'' and a set C 2 of communities.
• Step 3: Input G(V , E), n 1 , C 2 and all ISM i,j s, recompute all the community attribute similarity CNS i,z s between the user i and the community z with i ∈ 1, 2, ...n 1 and z ∈ 1, 2, ...|C 2 |, then goto Step 2 with C 1 ← C 2 . The procedure is described as Algorithm 3. The Algorithm 3 recomputes the community attribute similarity CNS i,j s: 1) if the Algorithm 2 returns an end fag, then the Algorithm 3 aborts, otherwise the Algorithm 3 continues; 2) based on the set C 2 of communities, for each community z (z ∈ C 2 ), the algorithm calculates the community attribute similarity CNS i,z between the node i and the community z according to the description of Section 3.2.1; 3) the Algorithm 3 calls the Algorithm 2 with C 1 ← C 2 .
IV. EXPERIMENTS AND ANALYSIS A. TESTING DATA
To test the performance of our proposed scheme, we use the crawler software to obtain some real data sets from Weibo. 1 In the test data sets, we add the mobility as an attribute of each user, where the values of mobility are randomly generated for each user. From the Weibo software, we obtain Algorithm 1 Similarity Calculation of Community Attributes and Node Interests Input: the adjacent social network G(V , E), the total number n 1 of nodes, the community set C 1 Output: all CNS i,z s and ISM i,j s Begin Initialize each node from G(V , E) to form a community and save the structure to C 1 ;
for the node i ∈ V do for the community z ∈ C 1 do CNS i,z = 0; //initialize CNS i,j for the node j ∈ z do ISM i,j = 0; //initialize ISM i,j End for End for End for for the node i ∈ V do for the community z ∈ C 1 do Compute CS i,z ; sum = 0; for the node j ∈ z and j belongs to the adjacent node set N (i) of the node i do the different data sets according to the different time durations. So, we build four different network data sets in our experiments, shown as Table 1 .
B. COMMUNITY DETECTION EXPERIMENTS
In the experiment, we first pre-process the original test data sets shown as Table 1 . To show the influence of mobility on community detection, we set the maximum values of mobility as 0, 1/2 and 1 respectively, and then the values of mobility are randomly generated and added into the original test data sets for each user. For example, when the maximum value of mobility is 0.5, the values of mobility randomly generated for each user must belong to [0, 0.5]. Through setting no mobility, low mobility and high mobility data sets, we can obtain the overall influence of mobility on community detection. Additionally, in our proposed scheme, the impact 2 and 3 show the number of detected communities and the number of members of detected maximal community.
From Figure 2 , we may know that the value of mobility is the greater, the number of detected communities is the less. Thus, node mobility is a very important factor for community detection in mobile social networks. The higher the mobility of a user is, it is less likely for the user to join a community. Also, as show in Figure 2 , whenever we change the impact factors η and ξ from 0.25 to 0.75 or from 0.75 to 0.25, the change of the number of detected 
Algorithm 3 Dynamic Community Detection
Input: G(V , E), n 1 , C 2 , all ISM i,j s Output: a set C 3 of communities Begin Flag =''Null''; while Flag <>''End'' do for the node i ∈ V do for the community z ∈ C 2 do Compute CS i,z ; sum = 0; for the node j ∈ z and j belongs to the adjacent node set N (i) of the node i do
communities is very small. Although the change of the impact factors η and ξ has small influence on community detection, it indicates that community attributes, node attributes and node interests are both influential and important to the results of detected communities. Namely, the results of community detection mainly based on community attributes are similar to the results of community detection mainly based on node attributes, and the results of community detection mainly based on community and node attributes are similar to the results of community detection mainly based on node interests. From the whole Figure 2 , it can be seen that node mobility is mainly influential for community detection in mobile social networks, and community attributes, node attributes and node interests have same importance for community detection. Thus, from the test, we can know that node mobility is a key factor to influence the stability of community structure. When communities are more strictly detected, detected communities are more stable.
As shown in Figure 3 , we may know that the value of mobility becomes greater, the number of members of detected max-size community becomes less. Namely, node mobility is very important influence to generate large-scale communities in mobile social networks. When most of users have higher mobility, the sizes of detected communities are generally smaller. Similar to Figure 2 , when the impact factors η and ξ are changed respectively, the detected results are similar in Figure 3 . Namely, community attributes, node attributes and node interests have the same influence on the number of members of detected max-size community. From the whole Figure 3 , it can be seen that node mobility is mainly influential for the size of detected communities in mobile social networks, and community attributes, node attributes and node interests have same importance for generating largescale communities. Similarly we can know that node mobility is a key factor to influence the stability of large-scale communities in mobile social networks. Therefore, our proposed community detection scheme can make community detection more comprehensive and reasonable by introducing community attribute and node mobility. Our proposed scheme can reduce the probability of generating large-scale communities so as to improve the accuracy and reliability of community detection.
In the experiment, we also compare the GN [9] and NM [10] schemes with our proposed community detection scheme by the numbers of detected communities and members of detected maximal community. The GN scheme is a community structure discovery algorithm based on edge clustering. The NM scheme is a community discovery algorithm based on network module degree, which is a greedy algorithm.
As shown in Figure 4 , our proposed scheme can accurately detect the communities based on community attribute and node mobility, the number of the detected communities and the number of the members in the maximal size community generated by our scheme are both smaller than those of the GN and NM schemes. So, our scheme can more accurately and strictly make community detection to increase the stability of community structure.
Based on the test data sets shown in Table 1 , we test the running time of our scheme. In the test, we set the impact factors η = 0.5 and ξ = 0.5, and set the maximum values of mobility as 0, 1/2 and 1 respectively. In the data sets, the average degree of nodes is 5, and the number of edges changes from 5000 to 20000. Figure 5 shows the tested results. From Figure 5 , it can be seen that when the values of node mobility belong to the same interval, the running time of our scheme increases with the number of edges. Also, the Figure 5 shows that when the number of edges is fixed, if the values of node mobility are generally greater, then the running time of our scheme becomes smaller. That is because when most of users have greater values of mobility, the sizes of detected communities become smaller, thus our scheme is easier to finish community detection. Further, we may know that although the running time of our scheme increases with the number of edges, the greater values of mobility in the test data sets can decrease the time increase generated with the number of edges. For example, the experiments show that the running time of our proposed scheme is about 17s when the maximum value of mobility is set as 0.5 and the number of edges is about 16000, and further the running time is only about 13s when the maximum value of mobility is set as 1. Therefore, since the nodes both have higher mobility in mobile social networks, the efficiency of our scheme relatively becomes higher.
V. CONCLUSION
Community detection can help us find the functional units in social networks and the relationship between the structures and the functions [60]- [63] . In mobile social networks, many factors can influence community detection, where node mobility is a key factor to influence the stability of community structure. In this paper, we propose a social community detection scheme for mobile social networks based on social-ware, including social attribute similarity, node interest similarity and node mobility. The proposed scheme splits social attributes of a user to social community attributes and node attributes, and further considers the mobility of each node. Compared with other community detection schemes, our proposed scheme can accurately detect the communities based on community attribute and node mobility. The experiments show the numbers of detected communities and members in the maximal size community generated by our scheme are both smaller than those of the GN and NM schemes. Additionally, since the nodes both have higher mobility in mobile social networks, the efficiency of our proposed scheme relatively becomes higher. The experiments show when the values of mobility in the test data sets increase, the running time of our proposed scheme decreases when the number of edges is fixed. Therefore, our proposed scheme can more accurately and efficiently make community detection to increase the stability of mobile community structure.
